This paper analyzes the role of social networks in the diffusion of cultivation techniques introduced by an agricultural project in GuineaBissau. We take advantage of this intervention to study the diffusion of knowledge and adoption of cultivation techniques from project participants to the wider community. In order to test for social learning, we exploit a detailed dataset which includes village census and social network data across different social network dimensions. More precisely, we make use of a village photo directory in order to obtain a comprehensive and fully mapped social network dataset. We find evidence that agricultural information spreads across networks from project participants to nonparticipants. Specific network groups such as the 'regular chatting' and 'agricultural advice' networks appear to be more relevant for that process. Our dataset also allows us to disentangle effects stemming from strong and weak network links, and weak links are found to be equally important in the diffusion of agricultural knowledge. Despite positive diffusion effects in knowledge, we have not found evidence of network effects in adoption behavior.
Introduction
Agricultural development through productivity improvements can be an effective means to reduce poverty amongst Africa's low-income population, for whom agriculture represents the main source of employment and livelihood. Despite some gains in recent years, agricultural productivity in the continent, and in sub-Saharan Africa in particular, remains low, lagging well behind the rest of the world. Although agricultural technologies are available that could significantly boost productivity, those have not yet been widely adopted in the region. Low access to extension services and to reliable information are among the barriers to technology adoption in the agricultural sector, hindering productivity growth. In this context, social interactions may play a key role in mitigating information constraints and disseminating improved technologies.
Agriculture development interventions aiming to increase agricultural productivity and yields have the potential to impact technology adoption beyond project participants, since it is expected that trained farmers will disseminate the techniques to the rest of the community. This paper analyzes the role of social networks in the diffusion process of improved cultivation techniques introduced by an agricultural project in Guinea-Bissau. The project focused on horticultural production and improved cultivation practices, with the aim of increasing food security and decreasing vulnerability through the diversification of crops and improvements in production practices. We take advantage of this intervention to study the diffusion of improved techniques from project participants to the wider community in one village in Guinea-Bissau. In particular, we test for spillover effects in terms of both knowledge and adoption of production practices. In order to test for social learning effects, we make use of a comprehensive dataset including village census and network data. We collected network data by first asking farmers to list their network contacts. Then, on a second stage, we used a photo directory as a visual aid to help respondents recall additional network links. This network elicitation method allows us to capture more than just the farmers' strong network links, resulting in a more detailed and fully mapped social network. In addition, we collected network data across four network dimensions, allowing us to test for different information channels. Our results suggest that information externalities from the project participants to the rest of the community exist: having a link with a trained farmer is correlated with increases in agricultural knowledge. Furthermore, farmers seem to be mostly learning from their project participant peers, with non-project participant farmers having no effect, or even a marginally significant negative effect on their peer's knowledge.
Testing for the different information channels, we find that not all network groups contribute equally for the spread of information. We find stronger network effects for those peers who farmers regularly chat with or from whom farmers could ask for agricultural advice. In contrast, we find no evidence of information exchange through peers farmers might borrow money from.
Furthermore, exploiting our measure of link strength, weak social links appear to be as relevant as strong links in the diffusion of information. Despite positive effects in knowledge, we have not found evidence of social effects on techniques adoption. More specifically, our results indicate that having social connections to project participants has not effect on farmers adoption decisions.
These findings are consistent across the different network dimensions.
This paper relates to the literature on diffusion of information, technologies and behavior within social networks. Diffusion effects along social networks have been documented in a variety of settings, including health prevention (Oster and Thornton, 2012; Godlonton and Thornton, 2012; Apouey and Picone, 2014) , educational outcomes (Bobonis and Finan, 2009; Fafchamps and Mo, 2017) , financial decisions (Duflo and Saez, 2003; Cai, Janvry and Sadoulet, 2015; Banerjee et al., 2013) , and agricultural practices (Foster and Rosenzweig, 1995; Munshi, 2004; Bandiera and Rasul, 2006; Conley and Udry, 2010; Van den Broeck and Dercon, 2011) .
Our paper is closer in spirit to previous work on agricultural technology diffusion within social networks. Within that, Foster and Rosenzweig, (1995) was one of the early studies to investigate the effects of social learning in agriculture. In a study of adoption of high-yielding varieties in India, the authors found evidence of learning externalities and not just mimicking behavior, with farmers learning from other farmers' experience. More recently, Bandiera and Rasul (2006) studied the adoption of sunflower seeds in Mozambique and provided further evidence of positive peer effects on adoption decisions. In a seminal paper, Conley and Udry (2010) , were among the first to study peer-effects on agricultural technology adoption using explicit social network data.
Focusing on pineapple producers in Ghana, they identified knowledge flows by asking farmers whether they had gone to a random selection of farmers in the village for agricultural advice.
They also found evidence of farmers learning from one another, aligning their use of fertilizers with that of their most successful peers.
Although those and several other studies have found evidence of positive peer effects in technology adoption, unfortunately results have not always been as encouraging. Research has also shown that diffusion of knowledge and practices can be limited in some settings (Fafchamps and Quinn, 2016; Fafchamps and Söderbom, 2014) or non-existent (Duflo, Kremer and Robinson, 2011) . And in some contexts, social network effects may even generate perverse outcomes, for example, creating incentives for delaying adoption and free-riding on the experimentation of others (Foster and Rosenzweig, 1995; Bandiera and Rasul, 2006; Maertens, 2017) , or making technology adoption less likely altogether (Kremer and Miguel, 2007) .
The remainder of this paper is structured as follows. Section 2 provides the context of the study setting. Section 3 describes the setting of the horticultural production project. Section 4 describes the data collection, and the network and outcome measures employed. In Section 5 we outline the estimation strategy. Descriptive statistics are presented in Section 6. Section 7 presents the econometric results. Finally, in Section 8 we conclude.
Context
Guinea-Bissau, a country in West Africa with a population of approximately 1.8 million, is one of the poorest countries in the world, with a GDP per capita of 1450$PPP and 67 percent of its population living on less than $1.90 per day.
1 Agriculture is key to Guinea-Bissau's economy: it accounts for 69 percent of GDP and represents the primary source of income for 85 percent of its population. The agriculture sector is dominated by cashew nut production for export, by rice production for consumption, and by horticulture production on a smaller scale. 2 Rice is the main staple crop in the country and is widely grown, but rice productivity has remained relatively low.
3
Low productivity can be explained by the several constraints faced by the agricultural sector, ranging from erratic weather to scarce inputs and extension services, and to weakened infrastructures. Years of poor harvest or shocks to cashew prices can leave subsistence farmers in a particularly vulnerable situation, as was the case in 2012, when a combination of poor cashew harvest, lower export prices and political instability led to a rise in food insecurity. 4 As for the horticultural sector, production has steadily increased, from 26381 tonnes in 2005 to 33420 tonnes in 2014. 5 In the Guinea-Bissau -Country ' Economic Memorandum (2015) , the World Bank identified horticulture as one of the agricultural sectors with greatest economic potential, and as a potential source of alternative income for rural households that would allow them to mitigate the risks posed by relying on a single cash crop.
The setting for this study was the village of Suzana, in the northwest region of Guinea-Bissau ( Figure 1 
Agricultural intervention
In 2015, the international NGO 'VIDA' introduced an agricultural production project providing agricultural technical training and inputs to farmers, fostering cooperation among them, and promoting linkages to local markets in 6 villages of Guinea-Bissau, including Suzana. The project included training sessions on horticultural cultivation techniques, creation and management of farmers associations, and on the logistics of the supply chain to local markets. This study focuses specifically on the horticultural production component of the project. We take advantage of this intervention in order to study the diffusion effects of cultivation practices from the project participants to the rest of the community in the village of Suzana. In what follows we briefly describe the horticultural production component of the project and the selection of the project participants.
Horticultural production training
The horticultural production element of the intervention included three modules on cultivation techniques, which took place between November 2015 and February 2016, before the 2016 agricultural season (which runs from March to mid-July), and included a mix of theoretical and practical training sessions focusing mainly on improved production techniques. The training covered practices such as land preparation, irrigation, staking, pruning, soil enrichment, spacing, mulch, seed selection, nursery preparation and management, pest and disease management, organic pesticides, and post-harvesting handling. Although some of those practices were already familiar to farmers, most were newly introduced by the project.
Project participants
Project participants were selected by the female village leaders, who provided a list of female farmers interested in participating in the intervention. That list of potential participants made up the sample of a randomized impact evaluation conducted on the project. Those were then randomly allocated to either the control or treatment group, with blocks being formed at the level of the village before randomization. In addition, female village leaders also attended the program.
Results of the impact evaluation are not the main scope of this paper, but they are briefly addressed in the next sections. As mentioned in the previous section, this paper focuses only on the village of Suzana, where 35 farmers were assigned to the treatment group and participated in the project, while another 43 constituted the control group. As such those 78 individuals constitute the experimental subjects within Suzana village.
Measurement and data
Data collection took place in two stages, by means of two surveys. Survey respondents were the household representatives, chosen to be the individuals responsible for the households' horticulture production -usually the female head of the household. households. Both data collection activities took place after the horticultural training intervention described in the previous section.
Network measures
The social network was measured by conducting a village census and collecting network data on all the households in the village. This approach therefore allows us to obtain a complete network map. The network data were collected at the second-round survey. We first asked farmers to name all individuals with whom they had a network link in different social scenarios. We did this in an open manner -i.e., not imposing a limit on the number of links the individual could list. However, this method might tend to only capture the individual strong lings, as those closer to the respondent are more likely to be named while leaving out weak links and/or links that the respondent might have forgotten (Maertens and Barrett, 2012, Brewer, 2000) . To address this concern, we made use of the village photo album in order to elicit such weak or forgotten links.
This elicitation method allowed to obtain a more comprehensive and detailed network map.
The village photo album was organized by neighborhood, included the photo of one person per household (the household representative), and depicted all the households in the village. See Figure 2 for a sample page of the village photo album.
defined as individuals with whom the respondent has a kinship tie, ii) chatting network, which includes individuals the respondent regularly chats with, iii) agricultural advice network, which contains individuals the respondent would go to for agricultural advice, and iv) money-borrowing network, defined as the set of individuals the respondent could ask for money in time of need.
The same set of four network questions were repeated in the same order 8 times, one per neighborhood in the village. Furthermore, the order of the neighborhoods was randomized per individual, to prevent bias.
More specifically, the network variables were collected through survey questions in a two-step procedure: 1 st Elicit link from "memory", by asking the respondent to list all possible links that he or she might have in that specific neighborhood and without resorting to the album, 2 nd Elicit extra links not mentioned yet using the village photo album. Therefore, for the kinship network we first elicited the kinship relationships from "memory" phrasing it as: "Who are your family members that live in the neighborhood of «Catama» but outside of your household residence?".
In the second step we elicited the extra links not mentioned yet by asking the respondents to go through the household's representative photos of that neighborhood and asked: "Do you have any other family member living in the neighborhood of «Catama»?". This same procedure was used for the chatting network, which elicited the individuals the respondent talked to on a regular basis (at least once a week) and was phrased as: "Who are the individuals that live in neighborhood of «Catama» with whom you talk on a regular basis (at least once a week)?". This was followed by the agricultural advice network which elicited the individuals that the respondent would go to for agricultural advice, and it was phrased as: "If you had a problem in your plot with one of your crops, to whom would you go for advice in the neighborhood of «Catama»?". Lastly, the fourth network dimension was the borrowing money network which elicited the individuals that the respondent could ask for money in times of need, phrased as: "If you had to borrow money for an unexpected emergency (for example, to buy medication or cloth for a funeral) who would you ask in the neighborhood of «Catama»?". For the latter two network dimensions, namely agriculture advice and borrowing money, we recorded not only the potential link but also the effective link. Hence, after the respondent listed an individual in either the agricultural advice or borrowing money survey questions we would ask if he or she had indeed asked for agricultural advice or borrowed money from that individual in the last 12 months, respectively.
By eliciting social networks as previously described we would be implicitly capturing the strength of ties between individuals, since links elicited from "memory" are more likely to capture strong ties, while the remaining links elicited resorting to the village photo album would more likely capture weak ties. In what follows, we define strong ties as the links provided from "memory", and weak ties as the links identified using the photo album visual aid. Appendix A provides additional discussion and robustness checks on the measures of tie strength.
Finally, in addition to the aforementioned measurements, we also collected data on group membership, such as religious or self-help groups, as well as neighboring plots through GPS coordinates. In the results that follow we focus on the first four network variables described:
kinship, regular chatting, agricultural advice and borrowing money.
Outcome measures
In this study we focus mainly on two outcome variables of interest: practice adoption, and knowledge. A list of 11 survey questions on production practices, based on the topics covered by the horticultural training, was used to measure the adoption of improved practices. These were then followed by 11 survey questions designed to measure the respondents' knowledge with respect to those same practices. Practices covered included land preparation, irrigation, nursery management, spacing, mulch, soil enrichment, pruning, staking, pest management and crop rotation. The practices adoption questions focused on whether respondents had adopted the aforementioned practices in the previous agricultural season, which had just finished. The practices knowledge questions tested respondents' knowledge on either how to apply or the benefits of those practices. Responses to the two sets of questions were then used to construct two indices, one for production practices adoption and one for production practices knowledge, as the simple average of the z-scores for the relevant survey questions. 
Estimation strategy
We start our analysis by estimating the treatment effects for the outcomes of interest in the impact evaluation sample. Given the random assignment of the treatment, the average treatment effects of the agriculture training program can be estimated using the specification:
where represents the outcome variable of interest for individual , namely practices knowledge and adoption. is a binary variable which takes the value of one if the individual was assigned to the treatment group and zero otherwise.
The above specification can also be estimated using individual control variables:
where is a vector of individual and household characteristics, such as age, years of education, religion dummies, marital status, whether the households produced horticultural crops in the previous year and household assets.
Average treatment effects are not the primary focus of this paper, however. Instead, we are interested in estimating the diffusion effects of the training program. In order to do so we proceed as follows. First, we test whether any two farmers are more likely to have information about, and to adopt the agricultural practices if they are network partners, and one or both farmers are treated individuals. To this end we consider each individual as a node in the dyadic framework of our data. We use dyadic regressions to test whether farmers are more likely to have higher average outcomes when a link with a treated farmer exists. We take the undirected dyads as the unit of observation, in which individuals are considered linked if either named the other as a network partner, i.e. the direction of the link is disregarded. In what follows we refer to the project participants as treated individuals and to the household representatives of the rest of the community as non-treated. Our specification is:
In this Given that the dyadic relationship is undirected, is equal to . As such regressors must enter the specification in a symmetric form, so that the regressors for observation are equal to observation . We follow Fafchamps and Gubert (2007) and achieve the symmetry requirement by including the characteristics of the individuals in absolute differences and in sums. This approach allows to control for the effects of the differences in characteristics of the nodes, as well as the combined effect of the characteristics in the outcome of interest. Note that the above specification does not offer a causal analysis of network effects from the treated farmers to the non-treated.
Next, we test whether the existence of a link with a treated individual is correlated with practices knowledge and adoption for the non-treated. We take the directed dyad as the unit of observation, in which the direction of the link is taken into account, i.e. node is linked to node only if reported as a network partner. Note that since we are considering the direction of the link, a link from node to node is not the same as a link from node to node . Given that we are interested in estimating the influence of the treated nodes on the non-treated nodes we exclude directed links reported by treated nodes from the analysis. We estimate the following specification:
where, represents the outcome variable of interest for node when is non-treated. is a binary variable that captures the existence of a link with a treated node. It takes the value of one if is non-treated and is treated, and is linked with , and zero if both and are non-treated nodes and is linked with . , and are defined as before. Since we are considering the directionality of the link from node to node , there is no symmetry requirement, and so and enter the equation as simple differences and in sums (Fafchamps and Gubert, 2007) .
The above specification was also expanded to analyze the effect of strong and weak links with treated individuals:
where, and are binary variables that capture the existence of a link between a non-treated and a treated node, and the link is characterized as either strong or weak, respectively. In this case, takes the value of one if is non-treated and is treated, and has a strong link with , and zero otherwise. is defined in the same manner but for weak links.
Lastly, we test whether the knowledge and adoption behavior of non-treated individuals is affected by the number of treated individuals in their social networks. We conduct a household level analysis employing the following specification:
where, is the number of links with treated individuals, and are the number links with non-treated individuals in individual ´s social network. In addition, is a vector of individual and household characteristics, which include gender, years of education, marital status, religion, ethnic group, whether the household produced horticultural crops in the previous year, and household assets. captures the average individual and household characteristics of individuals ´s network members, which allows us to control for the fixed characteristics of the other farmers in the network. includes the proportion of female respondents, average years of education, proportion of married respondents, proportion of animists, proportion of respondents from the main ethnic group, proportion of households that produced horticultural crops in the previous year and household assets in individuals ´s network. Once again, we expand the above specification in order to distinguish between the effects of strong and weak links:
where, and refer to the number of strong and weak links with treated individuals in ´s social network, respectively.
All estimations employ OLS. We estimate robust standard errors in all regressions, except for the estimations in a dyadic framework where, following Cameron, Gelbach, and Miller (2011), we use two-way cluster-robust standard errors, clustered at both and .
Descriptive statistics
In this section we present descriptive statistics for the sample of respondents from the village of Suzana. The sample includes 35 treated individuals and 319 non-treated individuals. Table 1 presents the descriptive statistics for non-treated respondents and differences relative to the treated. Table 1a is split into basic demographics, religion and ethnicity, and occupation. Figure 3a , 3b, 3c and 3d, respectively.
Looking at the demographic variables in Table 1a , non-treated respondents on average are approximately 52 years old and have 2 years of education. 87 percent of the non-treated respondents are women, animism is the predominant religion, followed by catholicism, and the majority of individuals (88 percent) belong to the Felupe ethnic group. In terms of occupation, most of the individuals are farmers, and a small minority are vendors.
We now turn our attention towards the networks descriptive statistics in Table 1b . On average the non-treated individuals listed 35 kinship links, 21 chatting links, 5 agricultural advice links and 8 money-borrowing links. On the other hand, treated individuals are younger, more likely to be married, less likely to be widowed, and more likely to be catholic than the rest of the village. They are also more likely to name and to be named as a network link in all four network categories, except for borrowing money, in which they are not more likely to list more links than non-treated individuals. Given the selection procedure of the treated individuals differences are to be expected, since these farmers were chosen by the village leader to attend the training sessions.
< Tables 1 around here >
Econometric results
Our main goal is to test whether the agricultural training program had spillover effects from the project participants to the wider community in terms of both knowledge and adoption of production practices. We divide the analysis of econometric results into two parts. First, we present the results of the training program' effects on experimental subjects, including balance tests and the estimated average treatment effect of the intervention within the village of Suzana.
Then we move on to our analysis of the network effects of the agriculture training program, using both dyadic and household-level specifications. Furthermore, we make use of our data in order to test for social learning across different network dimensions: kinship, regular chatting, agricultural advice and borrowing money.
Randomized impact evaluation results
This section describes the empirical findings of the impact evaluation.
Balance
Balance tests between the treatment and control groups of the impact evaluation sample are reported in Tables 2a and 2b . These can be used to assess the comparability between the two groups with respect to demographic characteristics and network variables of centrality for each of the five network dimensions. As expected, given the randomization procedure, we do not find any statistically significant difference between the two groups.
< Tables 2 around here >
Treatment effects
This section presents the results of the impact evaluation training program. Our two main outcomes of interest are the index of production practices knowledge and the index of production practices adoption described in section 4.2. Table 3 displays the estimates of treatment effects for each outcome of interest, under specifications (1) and (2).
< Table 3 around here >
The treatment is estimated to have led to an increase in production practices knowledge of 0.197-0.200 standard deviations, statistically significant at the 10 percent level. There is also a clear positive and statistically significant effect of 0.252-0.254 standard deviations of the treatment on our measure of practices adoption in both specifications. These results suggest that the treatment had the desired effect of increasing knowledge of agricultural practices in the treatment group which translated into an increase in adoption of those same practices.
Social network effects
We now turn to our analysis of the influence of social networks on farmers' knowledge and adoption of cultivation practices. We begin by employing the undirected dyadic specification (3) to investigate the relationship between two farmers being network partners, when one or both farmers is a treated individual, and the knowledge and adoption of practices of the pair. Our outcomes of interest are the average knowledge and adoption of production practices of the dyad.
Results for knowledge and adoption practices are shown in Table 4 and 5, respectively. As mentioned before, for each outcome we present the results for four network variables: kinship, regular chatting, agricultural advice and borrowing money.
< Tables 4 and 5 around here >
Results show a positive and statistically significant correlation between being partnered with a treated individual and the outcomes of the pair in both knowledge and adoption in all network specifications. Unsurprisingly, the coefficients are larger in magnitude when both farmers belong to the treatment group, though they remain positive and statistically significant when one of the farmers is a non-treated individual. Although, as mentioned before, these coefficients should be interpreted with caution since they do not provide us with the causal network effects, they appear to indicate that social learning plays role in the knowledge and adoption decisions of the farmers.
Next, we test how the knowledge and adoption behavior of non-treated individuals is affected by the presence of treated individuals in their social networks. More specifically, we explore whether an existing link with treated individuals is correlated with the outcome of interest for non-treated individuals. As before, we present results for the same four network variables, taking into account the link strength by discriminating between strong and weak links. We do this in a dyadic framework by employing specification (4) and (5). Results for the outcome variables for knowledge and adoption are presented in Tables 6 and 7, respectively. < Tables 6 and 7 around here > We start by analyzing the effects on practices knowledge in Table 6. Looking at the table, conditional on a link existing, having a link with a treated individual has a positive and statistically significant effect on practices knowledge, for all network groups. In particular, having a kinship link with a treated individual is associated with a 0.046 standard deviation increase in knowledge, significant at the 5 percent level. This result seems to stem mostly from the weak links, since the coefficient for a strong link with treated is negative and not statistically significant, while the effect of a weak link is positive and statistically significant. As for the regular chatting network, having a link with a treated individual is associated with a 0.083 standard deviation increase in knowledge. Furthermore, while we see significant results for both strong and weak links in the regular chatting network, the magnitude of the effect is larger for weak links. However, we cannot reject equality of the coefficients. Turning to the agricultural advice network we can see a clear positive and statistically significant effect on knowledge from having a link with a treated individual. These correspond to an increase of 0.084 standard deviations independent of link strength, and a 0.075 increase for a strong link, while weak links are still positive but only marginally significant. Finally, links in the money-borrowing network yield a marginally statistically significant increase in knowledge and no significant results when we take in to account the link strength.
In table 7, we display the results of the same network variables on adoption of production practices. Having a link with a treated individual does not seem to increase the farmer's adoption behavior. The only exception is when we turn our attention to the strength of the link in the chatting network: there is a positive and marginally significant effect of having a link with treated on adoption behavior for strong links and a negative effect for weak links.
These results point to the existence of knowledge externalities in all network categories, but stronger effects seem to exist in the regular chatting and agricultural advice network groups.
Furthermore, our results seem to suggest no social network effects on adoption behavior.
Lastly, Tables 8 and 9 present the network effects on knowledge and adoption of practices for the household level analysis, employing specification (6) and (7).
< Tables 8 and 9 around here > As shown in Table 8 , the number of links with treated individuals has a positive and statistically significant effect on knowledge for all network variables, except for the money-borrowing network. When we take into account the link strength, the magnitude and significance of the coefficients differ considerably across network variables. As for the number of links with nontreated individuals, all the specifications yield negative coefficients, although they are not always significant across specifications. Furthermore, the number of links with treated individuals is statistically different from the number of links with non-treated individuals for all network variables. Looking at the kinship network first, an additional kin treatment individual is correlated with an increase in farmers' knowledge of 0.040 standard deviations, significant at the 10 percent level. Consistent with the previous results, when we take into account the effects of strong and weak links, we can see that an additional strong link with treated individuals is not significantly correlated with increases in practices knowledge, while an additional weak link increases knowledge by 0.079 standard deviations, statistically significant at the 1 percent level. We now turn our attention to the regular chatting network: an additional link with a treated individual is associated with a 0.057 standard deviation increase in knowledge, statistically significant at the 1 percent level. Both strong and weak links seem to be significant and there is no statistically difference between them. Regarding the agricultural advice network, an additional treated individual has a positive and statistically significant effect on practices knowledge of 0.059 standard deviations, significant at the 5 percent level. But in the agricultural advice network only strong links with treated individuals seem to matter for knowledge. Lastly, when we consider the money-borrowing network variables all coefficients are positive, but not statistically significant at conventional levels.
In Table 9 we present the results of network effects on practices adoptions. Looking at the table, the number of links with treated individuals does not seem to have any statistically significant effect on practices adoption. The only exception is when we consider the number of weak links with treated in the regular chatting network; this represents a 0.038 standard deviation decrease in adoption, marginally significant at 10 percent level.
Overall, the results described in this section are consistent with social effects existing in knowledge, although these differ considerably across network dimensions. However, despite the existence of positive externalities in practices knowledge, we have not found evidence of social effects on adoption behavior. We plan to revisit this issue in a future version of this paper upon collecting more data, as the absence of positive adoption results at this stage may simply reflect a pattern of delayed adoption whereby farmers learn about a new technology in one agricultural season and begin to apply it in the next.
Concluding remarks
This paper analyzes the role of social networks in the diffusion of cultivation techniques introduced by an agricultural project in Guinea-Bissau. In particular, we study the diffusion of knowledge and adoption of improved techniques from project participants to the rest of the community. To do so, we collected detailed census and network data in the village of Suzana and made use of a network elicitation mechanism that allowed us to obtain a comprehensive network map and a characterization of the strength of network ties. In addition, we elicited network membership across four different network dimensions (kinship, regular chatting, agricultural advice, borrowing money), allowing us to examine the role of each in knowledge and adoption diffusion.
Having established that the agricultural project increased knowledge and adoption of practices in project participants, we went on to investigate the prevalence of spillover effects to the rest of the community. Our results indicate that knowledge externalities do exist, particularly in the network of regular chatting and agricultural advice seeking. However, we do not find evidences of network effects in adoption behavior. Furthermore, using our measures of link strength, we have found that weak social links -which conventional network measurements tend to fail to capture appropriately -appear to be as important as strong links in the dissemination of agricultural knowledge. This result highlights that weak ties can also be valuable sources of new information.
Taken together, the contrast between our results in terms of knowledge and adoption behavior could suggest a pattern of delayed adoption whereby farmers learn about a new technology in one agricultural season and begin to apply it in the next We plan to conduct one more round of data collection in order to answer this question and shed further light on the adoption pattern at play. Note: All regressions are OLS. The unit of observation is the individual. Only observations from the impact evaluation sample are included. The dependent variables are an average of z-scores. 'treatment' is a binary variable, which takes the value of one if the individual was assigned to the treatment group and zero otherwise. Controls are individual and household characteristics, which include age, years of education, religion dummies, marital status, whether the households produced horticultural crops in the previous year and household assets. Robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the undirected dyad. All undirected dyads are taken as observations. The dependent variable is an average of z-scores. 'undirected link between both treated' and 'undirected link between non-treated and treated' are dummy variables that capture the existence of an undirected link between nodes and . 'undirected link between non-treated and treated' takes the value of one if both nodes are treated and zero otherwise. 'undirected link between non-treated and treated' takes the value of one if either or . are treated and zero otherwise. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the undirected dyad. All undirected dyads are taken as observations. The dependent variable is an average of z-scores. 'undirected link between both treated' and 'undirected link between non-treated and treated' are dummy variables that capture the existence of an undirected link between nodes and . 'undirected link between non-treated and treated' takes the value of one if both nodes are treated and zero otherwise. 'undirected link between non-treated and treated' takes the value of one if either or . are treated and zero otherwise. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the directed dyad. Observations with links reported by treated nodes are not included. The dependent variable is an average of z-scores. 'link with treated', 'strong link with treated' and 'weak link with treated' are dummy variables that captures the existence of a link between nodes. 'link with treated' takes the value of one if is non-treated and is treated, and zero if both and are non-treated nodes. 'strong link with treated' takes the value of one if is non-treated and is treated, and the link is characterized as strong, and zero otherwise. 'weak link with treated' takes the value of one if is non-treated and is treated, and the link is characterized as weak, and zero otherwise. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the directed dyad. Observations with links reported by treated nodes are not included. The dependent variable is an average of z-scores. 'link with treated', 'strong link with treated' and 'weak link with treated' are dummy variables that captures the existence of a link between nodes. 'link with treated' takes the value of one if is non-treated and is treated, and zero if both and are non-treated nodes. 'strong link with treated' takes the value of one if is non-treated and is treated, and the link is characterized as strong, and zero otherwise. 'weak link with treated' takes the value of one if is non-treated and is treated, and the link is characterized as weak, and zero otherwise. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%.
dependent variable ------> practices knowledge network variable ------> kinship regular chatting agricultural advice borrowing money Note: All regressions are OLS. The unit of observation is the household. Treated households are excluded from the observations. The dependent variable is an average of z-scores. 'number of links with treated' is the number of links with treated individuals in individual ´s social network. 'number of links with non-treated' is the number of links with non-treated individuals in individual ´s social network. 'number of strong links with treated' and 'number of weak links with treated' refer to the number of strong and weak links with treated individuals in ´s social network, respectively. Controls are demographic characteristics and average demographic characteristics in the network. Demographic characteristics include gender, years of education, marital status, religion, ethnic group, whether the household produced horticultural crops in the previous year, and household assets. Average demographic characteristics in the network include proportion of female respondents, average years of education, proportion of married respondents, proportion of animists, proportion of respondents from the main ethnic group, proportion of households that produced horticultural crops in the previous year and household assets in the network. Robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the household. Treated households are excluded from the observations. The dependent variable is an average of z-scores. 'number of links with treated' is the number of links with treated individuals in individual ´s social network. 'number of links with non-treated' is the number of links with non-treated individuals in individual ´s social network. 'number of strong links with treated' and 'number of weak links with treated' refer to the number of strong and weak links with treated individuals in ´s social network, respectively. Controls are demographic characteristics and average demographic characteristics in the network. Demographic characteristics include gender, years of education, marital status, religion, ethnic group, whether the household produced horticultural crops in the previous year, and household assets. Average demographic characteristics in the network include proportion of female respondents, average years of education, proportion of married respondents, proportion of animists, proportion of respondents from the main ethnic group, proportion of households that produced horticultural crops in the previous year and household assets in the network. Robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. 
Appendix A
This appendix expands on our measure of tie strength presented in Section 3.1. As mentioned in the main text, recall-based elicitation methods of collecting network data might result in only capturing the individual's strongest ties. Given our elicitation method, we believe that the links elicited from memory would tend to capture stronger ties, while further links elicited with the album visual aid would more likely represent weak ones. According to Granovetter, 1973 , in his seminal paper, "the strength of a tie is a (probably linear) combination of the amount of time, the emotional intensity, the intimacy (mutual confiding), and the reciprocal services which characterize the tie". In practice, different proxies have been used in order to characterize tie strength, such as reciprocity of the link and the number of mutual friends (Gee, Jones and Burke, 2017). As a robustness check, we test the relationship between our measure of tie strength and some of those proxies.
We follow a dyadic approach, using the directed dyad as the unit of observation. In this case the dyad is a pair of linked nodes and the directionality of the link is taken into account. 1 We estimate the following specification in a dyadic framework:
where are the proxies for tie strength between nodes and : link reciprocity and the proportion of mutual ties. Link reciprocity is a binary variable, taking the value of one if there is a reciprocal relationship between nodes and , i.e. if both named the other as a network partner., and of zero if the relationship is unilateral, i.e. if node named node as a network partner, but not the other way around. The proportion of mutual ties of nodes and is the number of network partners common to and divided by the total number of network partners of both and . is a binary network variable that captures tie strength for directed links. It takes the value of one if the link was elicited from memory (strong link), and of zero if it was elicited with the album visual aid (weak link). is a vector of variables describing the characteristics of the dyad, including whether nodes and have the same religion, belong to the same ethnic group, are of the same gender, and the geographical distance between them. and are vectors of individual and household level characteristics of and , such as years of education, household assets, marital status, and whether the household produced horticultural crops in the previous year. We follow Fafchamps and Gubert (2007) and include the characteristics of the individual and household-level characteristics as simple differences and in sums. By including the regressors in this manner we are able to account for the effects of the differences in characteristics of the nodes, as well as the combined effect of those characteristics. All estimations are OLS and we use two-way clusterrobust standard errors, clustered at both and , following Cameron, Gelbach, and Miller (2011) .
We present the results for the aforementioned specifications in Tables A1. Table A1a , A1b, A1c
and A1d report the results for the network of kinship, regular chatting, agricultural advice and borrowing money, respectively.
< Tables A1 around here > As we can see from Table A1a having a strong kinship link in our measure is associated with a 3.7 percentage point increase in link reciprocity, and a 0.028 increase in the proportion of mutual ties. Both results are statistically significant at the 1 percent level. As for the network of regular chatting in Table A1b , a strong regular chatting link has a positive and statistically significant correlation with link reciprocity and mutual ties. These represent a 10 percentage points increase on link reciprocity and a 0.041 increase in the proportion of mutual ties. Regarding the network of agricultural advice in Table A1c , we see similar results in link reciprocity: a strong agricultural advice link increases the probability of the link being reciprocal by 4.5 percentage points, statistically significant at the 1 percent level. However, there is no statistically significant effect on the proportion of mutual ties. Lastly, in Table A1d we display the results for the borrowing money network. In line with the results found before, a strong borrowing money link is associated with a 3.9 percentage point increase in link reciprocity and a 0.034 increase in the proportion of mutual ties between the nodes.
Overall, there is a positive correlation between strong links and link reciprocity for all network variables. Similar results arise using the proportion of mutual ties instead of reciprocity: having a strong link in any network category is generally associated with a higher proportion of mutual ties relative to weak links. The sole exception are agricultural advice links, for which coefficients are not significant. These results support our network definition of tie strength, i.e. that links recalled from memory are more likely to be strong than links recalled using the visual aid. Note: All regressions are OLS. The unit of observation is the directed dyad. The dependent variables link reciprocity is binary. It takes the value of one if there is a reciprocal relationship between nodes and , and zero otherwise. The dependent variable proportion of mutual ties is the number ties common to nodes and divided by the total number of ties in both and . 'strong kinship link' is a dummy variable. It takes the value of one if nodes and have a strong kinship link and zero if the link is weak. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the directed dyad. The dependent variables link reciprocity is binary. It takes the value of one if there is a reciprocal relationship between nodes i and j, and zero otherwise. The dependent variable proportion of mutual ties is the number ties common to nodes i and j divided by the total number of ties in both i and j. 'strong regular chatting link' is a dummy variable. It takes the value of one if nodes i and j have a strong regular chatting link and zero if the link is weak. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the directed dyad. The dependent variables link reciprocity is binary. It takes the value of one if there is a reciprocal relationship between nodes i and j, and zero otherwise. The dependent variable proportion of mutual ties is the number ties common to nodes i and j divided by the total number of ties in both i and j. 'strong agricultural advice link' is a dummy variable. It takes the value of one if nodes i and j have a strong agricultural advice link and zero if the link is weak. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%. Note: All regressions are OLS. The unit of observation is the directed dyad. The dependent variables link reciprocity is binary. It takes the value of one if there is a reciprocal relationship between nodes i and j, and zero otherwise. The dependent variable proportion of mutual ties is the number ties common to nodes i and j divided by the total number of ties in both i and j. 'strong borrowing money link' is a dummy variable. It takes the value of one if nodes i and j have a strong borrowing money link and zero if the link is weak. Controls include characteristics of the dyad and of both nodes. Dyad controls include whether the respondents have the same religion, belong to the same ethnic group, have the same gender and the geographical distance between them. Node controls are individual and household characteristics, which include years of education, household assets, marital status and whether the household produced horticultural crops in the previous year. Two-way cluster-robust standard errors reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%.
